A b s t r a c t Objective: Detecting adverse events is pivotal for measuring and improving medical safety, yet current techniques discourage routine screening. The authors hypothesized that discharge summaries would include information on adverse events, and they developed and evaluated an electronic method for screening medical discharge summaries for adverse events.
Patient safety has emerged as a highly important issue for health care. [1] [2] [3] Adverse events (AEs)-defined as injuries due to medical management-result in numerous injuries and deaths every year within the United States. 3, 4 Prior studies have found rates of AEs ranging from 2.9% to 16 .6% of inpatient admissions. [5] [6] [7] These injury rates have prompted the Institute of Medicine to define patient safety as a key goal in health care quality improvement. 2 One of the first laws of quality improvement is that to improve something, one must be able to measure it. 8 However, most organizations do not have effective approaches to routinely detect and measure AEs. Voluntary incident reports underestimate AE rates, detecting 1.5% of AEs 9 and 6% of adverse drug events compared with manual chart review. 10, 11 While chart review is effective for research, [12] [13] [14] it is too costly for routine use.
Identification of AEs by searching electronic patient records, rather than manually reviewing paper charts, offers a potential solution. Studies have found that computerized screening for adverse drug events (ADEs) requires 20% of the time and detects 69% as many cases compared with manual review. 11 While computerized screening for ADEs has been successful, [15] [16] [17] [18] electronically screening for AEs remains problematic. In one study, electronic screening of claims data for medical admissions detected potential quality problems in only 15.7% of the alerts triggered. 19 We hypothesized that discharge summaries would include valuable information related to adverse events. Therefore, we developed and assessed an electronic screening method that searched discharge summaries to build a tool that organizations could use routinely to detect AEs. We hoped to develop an approach that would be more efficient than manual screening but with comparable sensitivity.
Methods

Study Site
The Brigham and Women's Hospital is a 726-bed tertiary care teaching hospital. For medical patients, housestaff are responsible for patient management and discharge summary completion. Discharge summaries are dictated, transcribed, and electronically stored within the Brigham Integrated Computer System (BICS). 20 Medical record policy requires that physicians complete discharge summaries within 30 days for all patients who have been hospitalized more than 72 hours.
Sample Selection
The patient population consisted of all admissions to the general medicine and medical subspecialty services with discharge dates between January 1 and June 30, 2000. The only exclusion criterion was lack of a completed discharge summary. We randomly selected a smaller subset of admissions from this larger population to pilot test the screening tool (cohort 1). We then applied the tool to the remaining admissions from this cohort and reviewed a random set of these records (cohort 2).
Randomization for cohort 1 was completed using visit numbers. Visit numbers are assigned consecutively for each patient beginning with the initial visit to the institution. Due to an error in the randomization process, we only selected patients with either their first, second, or third visit to the study site occurring during the study period. As a result, all admissions initially identified by the screening tool and reviewed involved patients who were new to the institution. The Human Subjects Committee at the Brigham and Women's Hospital approved the study.
Definitions and Outcomes
The primary outcome of the study was an AE, defined as an injury resulting from medical management rather than the patient's underlying condition. 3 We included both injuries that resulted in a disability at discharge and those that resulted in a prolonged hospitalization, the definition used for the Harvard Medical Practice Study (MPS), 21 as well as injuries that resulted in transient disability or abnormal laboratory studies, which would not have met the MPS criteria. We applied the more inclusive definition to capture events that would be clinically significant yet might not have met the malpractice-oriented definition of injury used in the MPS. An example of such an event would be an elderly patient who required naloxone because of inappropriately dosed narcotics but who recovered quickly and did not require excess hospital days. These types of events are undesirable and important to detect for improving safety, even if they do not increase length of stay.
Chart review was considered the gold standard for the presence of an AE. Charts were reviewed and information abstracted regarding AEs. Case histories were compiled based on these abstracted data by one of the authors (HJM) and reviewed by two independent, board-certified internists (AJF, JFP). The reviewers were blinded to whether the screening tool had identified the admission. Both physicians reviewed all case histories. Disagreements were settled by consensus and, when an agreement could not be reached, by a third-party review (DWB). Judgments concerning AEs were made using structured data forms based on the Adverse Event Analysis Form developed and used by investigators in the MPS. 7, 21 This data form (Appendix A) is available as an online data supplement at the JAMIA website (www.jamia.org).
Using this methodology, reviewers make implicit judgments regarding whether a patient experienced an injury. If a patient has experienced an injury, the next step is for the reviewer to rate his or her ''confidence'' that the patient's medical management resulted in the injury. Confidence ratings range from 1 to 6, with 1 being ''little or no evidence for management causation'' and 6 being ''virtually certain evidence for management causation.'' As with the MPS, confidence scores of 4 or greater (4 = ''management causation more likely than not, more than 50-50 but close call'') are considered an adverse event. AEs then are judged regarding the severity of the injury, the disability associated with the injury, and the preventability of the injury.
For this study, adverse events were placed into categories using the MPS methodology, while adverse drug events were categorized using review methodology from the ADE Prevention Study. 15 We used the ADE Prevention Study categorization because the MPS used only limited categories for ADE classification.
Objectives and Development of the Screening Tool
The standard methodology used to detect adverse events is structured manual chart review, which was used in the MPS. 21 In the MPS, medical records underwent a two-step review process. Initially, records were reviewed manually for the presence of one or more predefined screening criteria. Examples of the predefined screening criteria include ''transfer from a general care unit to a special care unit'' and ''cardiac or respiratory arrest.'' If a chart contained one of these criteria, the chart then was referred for physician review to make the final judgments concerning AE occurrence. The positive predictive value of the preliminary screening process was determined to be 21%. 13 Although the time necessary to screen a chart was not reported in that study, similar studies have reported that about half of all charts can be screened in less than 10 minutes, while 11% required more than 20 minutes. 22 Because this manual prescreening approach results in numerous falsepositive charts, which is both time-consuming and costly, we sought to develop a tool that would automate this process.
After reviewing the 18 adverse event categories used by the MPS, 21 we eliminated seven because they were either not relevant to adult medical patients or unlikely to be captured from the discharge summary. The remaining 11 adverse event categories were used as a framework to develop our screening trigger words. We mapped multiple standard event concepts, such as iatrogenic hypoglycemia, to these 11 categories. Event concepts were determined based on the authors' own experiences and clinical knowledge. From these event concepts, the authors compiled a list of terms (trigger words) that might be used to represent these concepts within the discharge summary. Multiple trigger words could be mapped to an individual event concept (Table 1 ). An adverse event was considered to be present if any of the trigger words matched exactly with strings in the text. Ninety-five specific trigger words were compiled and mapped to these event concepts (Fig. 1) .
Discharge summaries at the study institution are semistructured using a format that divides different data elements into separate sections. The discharge summary begins with a section entitled ''chief complaint'' in which the main reason for admission is listed. This section is then followed by several other sections including ''history of present illness,'' ''past medical history,'' ''medication,'' and ''hospital course.'' To ensure that an alerted trigger word represented an event occurring during the index hospitalization, we searched only the ''hospital course'' section of the discharge summary for trigger words. The ''hospital course'' section is a free-text narrative that we electronically parsed into single words and searched for matching trigger words. If a trigger word was detected within the clinical narrative, an alert was generated, and the subject's medical record number, date of admission, date of discharge, and trigger word were recorded. Any chart that had a trigger word within its discharge summary was considered a ''screened-positive chart,'' while a medical chart without a trigger word within the discharge summary was considered a ''screened-negative chart.''
Discharge Summary Review
The overall goal of the project was to create a screening tool that would replace entirely the need for manual chart screening. Ultimately, this electronic tool would search discharge summaries and identify charts with a high likelihood of having an AE. These charts then would go directly to structured physician review. Because it was initially unclear how the identified trigger words would be represented within the discharge summary, and because we had concerns about excessive false-positive alerts, we reviewed the entire text of the discharge summary associated with an alert before chart review. This initial rating process was performed to assist the investigators in the development of the tool but was not intended to be a regular part of the screening process. In cohort 1, the results of the discharge summary review did not influence whether the chart was reviewed. This allowed us to determine how well electronic screening would likely perform in the absence of manual discharge review.
After determining the test characteristics of the electronic screening strategy, we performed a second study to evaluate whether a combined screening strategy-electronic screening followed by manual discharge summary review-might improve our overall ability to detect AEs. Using data from cohort 1, we compared the sensitivity and specificity of the combined screening strategy of electronic screening plus manual discharge review with electronic screening alone.
In the combined screening strategy, screened-positive charts underwent a manual review of the discharge summary. Based on information from the discharge summary, judgments were made by a single reviewer concerning the likelihood that an AE had occurred. Screened-positive charts were categorized as either a ''possible AE'' or ''no AE.'' A ''possible AE'' occurred when documentation was suggestive of an AE. If no injury was discernible from the discharge summary, the trigger word was considered to represent ''no AE'' (Fig. 2) . To determine the reliability of the discharge summary review process, a second independent reviewer evaluated a random 23% of all screened-positive charts.
Sampling Strategy
In cohort 1, any screened-positive chart underwent a manual chart review. To determine how well the screening tool performed overall, a random 25% sample of screenednegative charts also were reviewed manually. Based on this random sample, we estimated the number of AEs that occurred within the entire set of patients with screenednegative charts (Fig. 3) . Of the initial subset of admissions screened, physicians manually reviewed 70% (295 of 424) of the charts.
We applied the screening tool to a second cohort of patients (cohort 2) consisting of the remaining admissions that occurred over the study period. This group was larger than cohort 1, so we reviewed a random 15% sample of all screened-positive charts. For cohort 2, to reduce the sample ultimately requiring physician review, we exclusively used the combined screening strategy of electronic screening followed by manual discharge summary review. To further limit our subset of charts for review, only screened-positive charts judged as having a ''possible AE'' underwent formal chart reviews. Screened-positive charts judged as having ''no AE'' on manual discharge summary review were not reviewed. Because we did not review screened-negative charts in cohort 2, we did not have information on falsepositive or true-negative alerts and were unable to calculate sensitivity and specificity of the combined screening strategy in this patient sample. In this second set, we reviewed 35% (145 of 413) of the charts. 
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Statistical Analysis
For our descriptions of the adverse event category, associated disability, severity, and preventability, we included all adverse events detected during the study. To calculate sensitivity and specificity of the screening tool, we included only one trigger word or AE per admission. For charts with multiple AEs, we selected the AE resulting in the greatest disability. For charts with multiple trigger words, we selected the trigger word that most likely represented an AE based on the manual review. Sensitivity of detection was calculated by dividing the number of admissions with a trigger word and an AE by the total number of admissions with AEs. Specificity was determined by dividing the number of admissions with no trigger word and no AE by the total number of admissions with no AEs. Positive predictive value for the tool was determined by dividing the number of admissions with a trigger word and an AE by the number of admissions with trigger words.
We used the chi-square test for proportions and the t-test for means to compare the demographic information between our randomly selected cohort 1 and the remaining cohort 2.
To test for differences between the screening methodologies in our two cohorts, we used the chi-square test. Kappa statistics were performed to determine interrater reliability for judgments concerning injury causation, disability, severity, preventability, and discharge summary judgments. All statistical calculations were performed using SAS (version 8) statistical software (SAS Institute, Cary, NC). Table 2) .
Results
Sample Selection and Demographic Characteristics
Total Alerts Detected
The screening tool initially detected 953 alerts in 251 discharge summaries. After adjusting for multiple signals (the identical word appearing more than once in a single discharge summary), there were a total of 730 alerts in 251 F i g u r e 2. Examples of trigger word judgments based on discharge summary review. Trigger words are in italics. AE, adverse event.
F i g u r e 1. Trigger word mapping to MPS criteria. *MPS, Medical Practice Study. yStandard term represents a specific event concept. PTX, pneumothorax.
patient admissions. Forty-five percent (327 of 730) of these trigger word alerts were judged to represent ''possible AE,'' and 55% (403 of 730) were judged to represent ''no AE'' (Fig. 3) . The kappa statistic judgment concerning the reliability of the rating of AEs based on discharge summary review was 0.50.
Adverse Events Detected
We found a total 204 AEs detected by the trigger words in 131 patient admissions within cohort 1. For descriptions regarding adverse event categories, disability, severity, preventability, and interrater reliability measures, we included all 204 identified AEs. Overall, the physician reviewers had good interrater reliability for the occurrence of an AE (kappa statistic = 0.77).
The most common adverse events detected by the screening tool were adverse drug events (Table 3) , representing 52% of the AEs. The most common adverse drug event was neuropsychiatric, such as drug-induced delirium (30%), followed by renal failure (24%) and dermatologic/allergic (13%). The most frequent medications causing an AE were cardiovascular drugs (18%), followed by anti-infectives and anticoagulants (13% each). The most common operative complication was postoperative bleeding (20%), followed by postoperative pneumonia and pulmonary embolism (15% each). The most common medical procedural complication detected was nonwound infection (30%), followed by bleeding (24%).
Forty-three percent (87 of 204) of all the adverse events detected by the physician reviewers resulted in either a disability at discharge or a prolonged hospitalization (Table 4) . Six percent (13 of 204) of these AEs resulted in either permanent disability or death, while 24% (49 of 204) of the AEs detected were associated with either a laboratory abnormality only or less than one day of symptoms ( Table  5 ). The kappa statistics for reviewer judgments of disability and severity were 0.38 and 0.62, respectively. Eighty-four percent (172 of 204) of AEs detected occurred during the hospitalization, 9% (18 of 204) occurred in another hospital before institutional transfer, and the remaining AEs (7%) occurred before hospitalization.
Of the 204 adverse events, 23 (11%) were judged preventable AEs. Forty-eight percent (11 of 23) of these events F i g u r e 3. Flow diagram of patients, discharge summary review, and adverse events. + Adverse event (AE) determined by manual review. yFor this analysis, each discharge summary was allowed only one trigger word. If a discharge summary had both a ''possible AE'' and a ''no AE'' trigger word, it was considered a ''possible AE.''^Number extrapolated from a random 25% sample. In sample 15, adverse events were detected in 43 reviewed charts for an adverse event rate in screened-negative charts of 35%. zDischarge summaries that were reviewed and believed to contain an adverse event were considered ''possible AE.'' **Discharge summaries that were reviewed and believed to not contain an adverse event were considered ''no AE.'' resulted in a disability at discharge or a prolonged hospitalization. The kappa statistic for preventability judgments was 0.52.
To determine the performance of our screening tool on cohort 1, we adjusted for multiple AEs within a single admission. Physicians judged 191 admissions to have AEs. The screening tool detected 131 of the actual AEs and had a sensitivity of 69% (95% confidence interval [CI] 62, 76) and a specificity of 48% (95% CI 42, 54) in this population ( Table 6 ). The positive predictive value of the screening tool was 52% (95% CI 46, 58).
When the electronic screening tool was couple with a manual discharge summary review, 122 admissions with an AE were detected. This combined screening methodology had a sensitivity of 64% (95% CI 61, 67), a specificity of 85% (95% CI 80, 90), and a positive predictive value of 78% (95% CI 71, 85).
Second Cohort Results
In cohort 2, we applied the tool to 2,826 patients and detected 4,594 trigger words. We found 112 adverse events within the random sample of 413 patient admissions reviewed. The kappa statistic regarding judgments concerning the occurrence of an AE in this cohort was 0.57. The overall positive predictive value of electronic screening followed by manual discharge summary review to detect an AE within cohort 2 was 84% (95% CI 81, 87). The difference in the positive predictive value between the electronic-only screening method in cohort 1 and the electronic-plusmanual screening method in the cohort 2 was statistically significant (p , 0.0001). There were no statistically significant differences in the electronic-plus-manual screening methodology between cohort 1 and cohort 2 (p = 0.19).
False-negative Hits
In cohort 1, there were 15 charts that physicians identified as having an AE that did not have a trigger word within the discharge summary. On review of the accompanying discharge summaries, we identified potential trigger words that could have been used to identify the AE as well as the false-negative alerts that had resulted from lexical variants ( Table 7) .
Discussion
Medical discharge summaries at the study institution contain useful information for the identification of adverse events. Electronically screening discharge summaries is a feasible and potentially efficient means of detecting adverse medical events. While screening charts electronically is advantageous in that it requires less time compared Neither disability at discharge nor prolonged hospitalization 117 (57%) *Some admissions had more than one AE within the chart; for this analysis all AEs are included.
with manual reviews, our current tool was not very specific and resulted in numerous false-positive results. Thus, improvement must be made in the electronic tool itself, or an intermediate manual review process must be utilized to make the tool practical on an organizational level. Despite its poor specificity and low positive predictive value, our screening tool still performed better than many other electronic tools used for detecting adverse events.
Most prior studies using electronically stored information to search for medical complications have utilized administrative data such as trigger alerts. For example, Bates et al. 23 studied a subset of generic screens that were present using billing data. With five screens, they were able to detect 50% of the events determined through manual review with a positive predictive value of 20%. By eliminating a poorly performing billing screen, the positive predictive value of the tool increased to 30%, but this approach detected only 26% of the events detectable by manual review. Both strategies cost significantly less per admission screened than manual review.
Another attempt to identify complications through administrative data was the Complications Screening Program (CSP)-a computer algorithm that searches medical and surgical claims data for potential complications. 24, 25 Such claims are available for all discharges, making this approach potentially very powerful. However, while the tool performed well for surgical admissions, it did not perform as well for medical admissions. 26 In medical admissions, only 15.7% of the alerts had potential quality problems. 19 A limitation of this tool has been its reliance on ICD-9-CM codes as the searching criteria. For medical patients in the CSP study, 30% had no objective evidence supporting the ICD-9-CM codes within the medical record. 27 Because of these concerns, the authors concluded that the CSP was not valid as a ''stand-alone'' test to search for complications in medical patients. However, ICD-9-CM codes may still be valuable if combined with other data.
Other investigators have utilized billing or generic screening criteria to search for quality problems within medical admissions and have identified weaknesses including low sensitivities and concerns about validity. [28] [29] [30] Despite these concerns, the need for an efficient and inexpensive means to detect quality of care concerns and patient injuries makes an electronic screening approach attractive. This is especially true because electronic detection approaches already have been used successfully to detect adverse drug events 11, [16] [17] [18] and nosocomial infections. 31 In one study, electronic surveillance for nosocomial infections had a sensitivity of 90%, while manual surveillance had a sensitivity of 76%. Abbreviations: ND, not determined in study; AE, adverse event. *Screened-positive summary includes discharge summaries with a trigger word present, and screened-negative summary includes discharge summaries without trigger words. Screened-positive summary includes only discharge summaries with a trigger word that is considered a ''possible AE'' present, and screened-negative summary includes discharge summaries without trigger words or with trigger words considered ''no AE.'' yFor the screened-negative row, we reviewed a random 25% of these records. We detected 15 adverse events in 43 medical records. We extrapolated these numbers to the entire sample. A strength of our study results from the use of clinical narrative rather than administrative data to screen for AEs. Narratives, such as discharge summaries, contain important data, yet represent a largely untapped source of information. Searching clinical narratives has several advantages compared with searching billing data. First, events documented within discharge summaries are recorded for clinical communication and not billing reasons. This is advantageous in that it helps avoid the potential inaccuracies of ICD-9-CM coding. 33 Second, administrative screening frequently detects events that occurred before admission. 28 Studies with the CSP found that 58% of conditions detected in medical patients were present on admission. 26 Eighty-four percent of the events detected by our tool occurred during the hospitalization.
An important finding of our study is that discharge summaries contain useful information for detecting adverse events. Adverse events are difficult to detect because of the reluctance of clinicians to report them, and medical record review has been an important source of information on adverse events. We are unaware of any prior studies that have evaluated whether the discharge summary, a concise summary of the medical record, would also contain information regarding AEs.
In this study, 45% (191 of 424) of patients experienced an AE. We believe there are two reasons that this proportion is substantially higher than most previously reported figures (for example, 3.7% in the MPS 7 and 2.9% in the ColoradoUtah study 34 ). First, we used a more inclusive definition for adverse events, which effectively increased our numerator. If we exclude events that would not have met the MPS definition (72 adverse events) our number of detected events decreases from 191 to 119, and the event rate becomes 28.1% (119 of 424). Second, our approach searched only the records of patients with completed discharge summaries. At our institution, 59.7% of patient admissions do not have a discharge summary, predominantly because of a length of stay less than 72 hours. In the pilot set, if patients without discharge summaries had been included, the actual sample size of our denominator would be approximately 1,052 patient admissions rather than 424. With this sample size, the rate of AEs per admission occurring in our initial sample would be 11% (119 of 1,052). This percentage is within the range of AEs supported by the literature, especially at teaching institutions, which have a high rate of adverse events, with a low proportion that are preventable. 7, 37 Although the screening tool performed moderately well, its poor specificity resulted in numerous false-positive hits, which reduces the overall effectiveness of the tool. Several changes might prove beneficial. The overall performance of the screening tool could be improved through the removal of poorly performing trigger words, such as shortness of breath or transfer. While we identified trigger words that could detect the missed AEs from our cohort (Table 7) , the addition of these trigger words could have an overall detrimental effect on the screening tool by decreasing specificity. A major improvement to the performance of the tool could result from developing a rule base that incorporates negative modifiers into the alert algorithm. For instance, in our study, if the computer searched for the trigger word pneumothorax and came across the sentence ''the patient had no pneumothorax,'' this would have been alerted as a positive screen. Relatively simple electronic tools have been developed that could be used to detect these trigger words with negative modifiers. 38, 39 Once detected, these falsepositive alerts could be reduced, improving the tools overall specificity and reducing unnecessary chart review. In the initial cohort, approximately 9% of the trigger words included a negative modifier indicating that no AE was present.
More sophisticated parsing could be performed using natural language processing (NLP). Natural language processors are programs that can parse free-text narrative and, through using basic grammatical rules and knowledge about the domain, extract concepts represented by the narrative. 40, 42 Thus, NLP has several advantages over free-text searching in that NLP addresses negation and lexical variation of terms and incorporates context from the sentence in an attempt to understand the meaning of a term.
Electronically screening for AEs has important implications. Adverse events are difficult to study; thus, our knowledge concerning AEs is incomplete. Currently, researchers and quality managers interested in adverse events must perform many manual chart reviews to find AEs. The cost and time required for these studies make them difficult to perform. An automated method of detecting charts with a high likelihood of having an AE could significantly reduce the cost and time associated with these studies.
Because of the high number of false-positive results, many of the time gains acquired from electronic screening using only keyword queries could be reduced by unnecessary chart reviews. Adding a manual discharge summary review step into the review process markedly improved the test's specificity and positive predictive value in our study and would probably be required using a keyword-only searching strategy. Advances in the electronic screening methods, however, could probably result in a tool that could completely eliminate manual screening.
This study has several limitations. First, we applied the tool on discharge summaries from only one teaching hospital. The tool might not perform as well in community hospitals. Second, we were able to search only charts with an accompanying discharge summary; thus, the screening tool did not evaluate patients with shorter stays. Prior studies have indicated that longer length of stay is associated with the presence of adverse events. 35, 36 Thus, we would expect our group to be at higher risk for adverse events. This limitation could be addressed potentially through screening other documents that are present regardless of length of stay (operation notes, progress notes, nursing notes). Third, we relied on implicit physician review to make judgments concerning AEs. Several studies have documented the limitations of this method. [43] [44] [45] In this study, physician agreement was good for the presence of an AE (kappa statistic = 0.77) but only fair for judgments concerning preventability (kappa statistic = 0.52).
Another limitation of our study was the difference between our two cohorts. Differences in the populations selected for cohort 1 and cohort 2 likely resulted from our randomization process. In cohort 1, we sampled subjects who were new to the study institution. As a result, a larger percentage of derivation set patients was admitted to the cardiology service. In cohort 1, 53% (69 of 131) of patients with AEs were discharged from the cardiology service as opposed to 17% (20 of 118) in cohort 2 (p , 0.0001). This discrepancy likely influenced the types of AEs detected within the cohorts. Furthermore, procedural complications were responsible for 26% of the total AE rate in cohort 1, versus 10% in cohort 2 (p = 0.0005). Despite these differences, the combination of electronic screening and manual review produced similar results in both cohorts.
Conclusions
Electronic screening discharge summaries for the presence of potential adverse medical events is feasible, but simple keyword queries are not specific enough to be practical. A combination of electronic screening with manual review would improve specificity and reduce false-positive results but be impractical to implement. However, implementing a more sophisticated keyword search that incorporates natural language processing techniques may improve specificity enough not to require manual review. Electronically screening narrative text within medical discharge summaries is a promising routine method for detecting a wide range of adverse events.
